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Abstract
Generative AI has only been around for three years but is already a standard feature of the majority of student work in the UK. Undergraduate students’ usage has shot up to near-universal level: 66% to 95% between 2024 and 2026. This piece questions a line of thinking that has emerged faster than it should have: is giving thinking to a machine the same kind of cognitive offloading that human beings resort to time and again, or is this altogether a different thing? By drawing on Risko and Gilbert’s (2016) idea of offloading, they argue only works as long as the offloader’s selfassessment of their own ability remains accurate, the authors of this paper develop a tool. Through experiments with navigation, search and generative AI, we observed that the action of offloading did not change, but what is being transferred did change. Instead of handing over just part of the thought process, students end up handing over the very thing that monitored whether the thought was good or not. Hence, the danger is not the tool itself but when this happens, as the very delegation that enables a master to delegate, will limit the learner whose internal guide develops fully. Since Bastani et al. (2025) showed that by employing a well-designed tutor, every gain could be preserved without any loss happening, then this damage can be attributed to the way the tool is constructed. The essay recommends Commit-Before-Consult which is a minimal-risk way of tuning up and explains it.




Introduction
About a thousand young people in Turkey used artificial intelligence to study and prepare mathematics homework. Their scores improved by 48% when they used a chatbot and by 127% with a purpose-assigned tutor. However, when the AI was turned off before a test, the chatbot scored 17% lower than non-users (Bastani et al., 2025). Both discoveries may be facts, but nothing in the students' lives would have told them this. That ignorance is where this essay starts.

The issue isn’t a hypothetical or a marginal one. UK undergraduates’ use of AI rose from 66% in 2024 to 95% in 2026, with 94% of them using AI in their assessed work (Stephenson & Armstrong, 2026). Yet the discussion usually rests on two basic assumptions: that AI is just like offloading some cognitive tasks onto a paper notebook, or that AI is fundamentally different because it can think. Neither of them accounts for the data. Hence, this essay puts forth a standard for evaluating whether AI handing over tasks to humans is a change of type, and then illustrates it through several examples, referring back to the Turkish students repeatedly as they best reflect that mystery: gain, loss, and unawareness.

The Origin of the Problem
Risko and Gilbert (2016) identified cognitive offloading; the externalisation of actions to lighten internal processing. According to them it isn’t the mere human tendency to use tools that deserves our attention but it is the context in which they do so: people offload mental work only when they are convinced, via metacognitive assessment, that their resources aren’t sufficient. Since these estimations are error-prone, offloading succeeds only when the monitoring is correct. This requirement frames the rest of the essay.
Nevertheless, one aspect needs clarification. Human self-evaluation contains systematic rather than random bias and metacognitive assessments are inferences, not direct measures of performance (Fleming, 2024). That said, the monitor has always been an estimate. But a wrong gauge is different from having none. The standard cognitive offloading transfers mental work while monitoring continues. With generative artificial intelligence, by contrast, we find a case involving offloading from the metacognitive self. Here, the model performs tasks previously done by the mind and directs internalisation in other words, for the process of reflection and orientation. Traditional tool-based offloading is well established; using generative AI as a substitute mind is radical. The rest of the essay examines how different it really is.

The Instrument
Three requirements need to be met. Firstly, the external resource must be reliable within a familiar knowledge domain. Secondly, users’ evaluation of a tool should be accurate and their remaining capability as well. Thirdly, available capacity must be reallocated rather than discarded. The second is critical. If users misjudge their independent knowledge, a reliable tool will not be sufficient. This calculator illustrates this best. When multiplied, the calculation isn’t in one’s head anymore because the boundary between user and tool is clear. But the issue is, how would one realize if that boundary is gone?

Three Cases, One Measure
Three familiar technologies form a progression.

Navigation. Dahmani and Bohbot (2020) studied lifetime GPS use in 50 drivers. Heavy users demonstrated worse spatial memory without aid, and the subsample reassessed 3 years later declined further with continued use. Since these drivers hadn’t initially reported a poor sense of direction, GPS use likely caused the decline. This is neural deterioration. However, the internal monitor is alive and well. Drivers clearly recognise the map as external and they know they could navigate without it if necessary. The framework therefore estimates the cost of offloading.

Search. Ward (2021) reported in eight studies (n = 1, 917) that Google users felt more confident in their information access and knowledge. Without search, users consistently inflated their knowledge and expected to retain it.

However, the knowledge of one’s capacity remains fairly intact, while judgement of a tool’s reliability begins to erode. A search engine is a blur and generative AI erases it.

Generative AI. Fernandes et al. (2026) got the subjects (N = 246; run at N = 452) to solve LSAT logical-reasoning questions using AI. AI assistance resulted in a three-point increase over the benchmark. However, participants rated themselves four points higher, and higher AI literates predicted lower metacognitive accuracy. The Dunning-Kruger effect disappeared: overestimation became uniform across ability levels. A monitor that doesn’t anymore identify competences from incompetences isn’t there. It isn’t weakened; this is a qualitative shift.

What Is Gained
The results reveal what the tool only hinted at. The chatbot has taken over monitoring they would otherwise develop improving answers while underlying ability stagnates. The exam simply removed the borrowed monitor revealing no underlying growth. Two studies support it. Fan et. al (2025) randomised 117 students and found that ChatGPT raised essay scores without expanding knowledge or transfer, while lowering metacognitive processes such as evaluation and orientation which they termed metacognitive laziness. Lee et al. (2025) studied 319 knowledge workers across 936 tasks and found that the greater belief in AI the lower critical-thinking ability whereas greater self-confidence predicted critical thinking.
This is the developmental turning point. Usually, task-specific confidence is lowest while reliance on the tool is highest. Gerlich (2025) interviewed 666 participants and concluded that younger generations depend on AI while showing weaker critical thinking and that education mitigates the effect. Although correlational, the findings align with Dahmani and Bohbot (2020) which ruled out reverse causation.
The distinction is clear. If someone already possesses that ability and then seeks help, it is delegation. The monitor existed before the tool and remains without it. However, if you outsource an activity still developing, it is the developmental closure of a path before it is explored. A student who outsources evaluation during learning hasn’t lost the ability they never developed and will be unaware because awareness depends on that ability. Therefore, the disappeared Dunning, Kruger effect reflects not only misplaced confidence but more importantly the loss of self-evaluation. The damage stems neither from the machine nor student misuse, but when a tool that disables monitoring is given to someone still developing monitoring skills.
Technology that helps experts can prevent beginners from developing the same skill.AI is therefore a gift or a loss depending on who uses it and when.

Informing a Solution: Commit-Before-Consult
If the monitor breaks down, it must be repaired because it cannot recalibrate itself. Commit-Before-Consult (CBC) is a calibration procedure, not a prohibition. Students, before using AI, complete the exercise and rate their confidence; later compare their work using AI, they recalibrate their confidence.

This approach is grounded in experimental evidence. Bastani et al. (2025) demonstrated that a guarded tutor maintained performance gains without affecting learning, suggesting the problem lies in the design, not AI.

Fan et al. (2025) discovered that checking a few items kept students’ reflective learning better than just relying on ChatGPT, suggesting the intervention depends on structure.

Xu et al. (2025) studied 68 students over four weeks and similarly reported that explicit metacognitive aid didn’t improve achievement but substantially increased self-regulated learning, especially self-evaluation via CBC.

Had the Turkish students used this routine, the test wouldn’t have surprised them. Their written calibration showed the difference between their independent work and what AI supplied.

The essence of CBC must remain non-threatening. Confidence and reflection should remain private, unassessed self-assessments so that grading depends on the final submission. This calibration step leaves the curriculum unchanged. The prime expense is professional: teachers must learn to assess calibration, not correctness. There are two caveats, however: CBC eats into class time and is hardest for unprepared students. Formative rather than summative grading can reduce those costs.

Conclusion
Students delegate to AI in the end more than just their thinking. They entrust AI with the ability to assess thinking and a mind that lacks this ability forever cannot detect the lack of it. Therefore, AI delegation is neither cognitive offloading alone nor entirely new. It expands offloading beyond the condition that made it safe: keeping the monitor. What gets lost isn't the act of thinking but the self-aware cognition that regulates it. Whether this is beneficial depends not on the technology but on the user.
The same tool that empowers experts can close the learner’s horizon. The Turkish students didn’t fail because of AI, nor did AI fail them. They encountered AI before their monitor had fully matured.
Two implications arise. Firstly, the current evidence is short-term, whilst the developmental perspective is long-term. Therefore, only longitudinal studies can determine if the closed monitor remains impaired or recovers when support is withdrawn. Secondly, if the outcome depends on design and timing, this becomes an issue of educational policy rather than personal responsibility.
Curricula, assessment, and classroom AI should keep the learner’s monitor close until it functions independently. The issue isn’t whether students perform well with AI but whether they are capable of performing AI-based tasks independently regardless of the student's character.
What matters is when and how students are introduced to AI, and the design of the system itself.
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